Introduction
Detection of land-cover changes using multi-temporal satellite imagery is one of the most important applications of remote sensing. In the recent past, multi-temporal images such as ERS-1/2 and RADARSAT-I, acquired by synthetic aperture radar (SAR) satellites have been increasingly used for change detection. This can be attributed to the advantages they offer over optical images, in terms of being independent of atmospheric and sunlight conditions. However, the potential of single-channel single-polarization images for land-cover classification is limited. This is due to the presence of speckles and the errors in SAR calibration, which may produce noisy change images (Engdahl and Hyyppä, 2003) . Interferometric SAR can provide information complementary to the backscattering intensity in the form of interferometric coherence, which can reveal reliable information about land-cover changes that may not be evident in the intensity data alone (Rignot and Van, 1993; Liu et al., 2001; Preiss et al., 2006) .
Previous studies on the application of multi-temporal SAR data for change detection have yielded promising results. Rignot and Van (1993) used backscattering intensity ratio and coherence value from repeat pass ERS-1 SAR data to identify scene changes. It was found that the changes obtained using each method under the same settings were not always compatible, and that each method gave a complementary characterization of scene changes. In view of the phase temporal stability of anthropogenic structures in the urban area between SAR images acquisition, Grey et al. (2003) used a multi-temporal sequence of ERS interferometric coherence data for mapping urban change in South Wales, U.K. In that study, coherence-based maps of urban change was produced by differencing pairs of long-term coherence images and approximately 50 percent of the building development was detected accurately. Furthermore, Bruzzone et al. (2004) proposed an advanced classification system characterized by the integration of backscattering temporal variability and long-term coherence feature to solve the multi-class problem in classification with multi-temporal SAR images. The resulting system exhibited high classification accuracies, especially, in discriminating between urban and non-urban areas. Despite the varying level of success demonstrated by the above efforts, little effort has been directed towards the simultaneous use of backscattering intensity and interferometric coherence characteristics for land-cover change detection with multi-temporal SAR imagery.
In this paper, a new unsupervised change-detection approach combining coherence and intensity characteristics of SAR imagery is proposed to map urban land-cover changes. The proposed approach includes two main steps. In the first step, two difference features that represent the radar signal temporal variability of urban land-cover classes are extracted from a series of multi-temporal SAR images. The difference feature sets, which are based on the backscattering temporal variability in SAR images and long-term coherence (e.g., computed on an INSAR pair acquired 35 days or multiples thereof), were derived according to an analysis of the INSAR signal behavior in the presence of different urban land-cover classes. In the second step, the two resulting features are merged and classified to generate changed results. This processing was completed by using an automatic two-dimensional (2D) thresholding technique based on the 2D Renyi's entropy criterion.
Extraction of SAR Difference Features
Analysis of Interferometric SAR Signature in an Urban Area The difference features in the proposed approach is extracted based on the analysis of interferometric SAR signature in presence of different urban land-cover classes. In this investigation, urban areas refer to built-up or man-made areas and non-urban areas (non-built-up area) refer to natural land-cover categories, for instance, forest, open water, and vegetated fields. An urban scene is considerably complex and consists of a wide range of buildings with different dimensions and orientations. In general, urban areas are characterized by high backscattering intensity value due to the predominance of single or double bounce from roof or wall-ground structures and other metallic structures (Strozzi and Wegmuller, 1998; Weydahl, 2001) . In contrast, natural land-cover categories within non-urban area present relatively low intensity value. Hence, it seems appropriate to choose a feature for urban change detection based on an estimation of intensity temporal variation from multi-temporal SAR intensity images to identify new built-up area. However, similar to the urban regions, some vegetated fields may also have high temporal intensity variation because of the strong influence of soil moisture changes, vegetation growth, and cultivation activity between the acquisition dates considered (Bruzzone et al., 2004) . As similar as those described in (Jiang et al. 2005) , a qualitative analysis of the correlative distribution of the long-term coherence and backscattering intensity features is conducted by using the SAR images numbered 5 and 6 in Table 1 . Figure 1 shows the clustering of different class of land covers in the feature space between backscattering intensity and long-term coherence. It is worth noting that a high temporal intensity variation in vegetated fields is indicated with large range from Ϫ23.5 dB to 0 dB (Figure 1 ). In this case, many false alarms (i.e., incorrectly identifying vegetation growth as new buildings) may occur due to backscattering temporal variability in vegetated fields when detecting new built-up areas.
In order to improve effectiveness of the difference feature base on SAR backscattering intensity, a further SAR feature with complementary information should be exploited from multi-temporal SAR images. One promising possibility could be to utilize the interferometric coherence (Rignot and Van, 1993; Corr et al., 2003) . Within urban areas, coherence remains high even between image pairs separated by a long time interval (months to years) due to higher temporal phase stability of the built-up structures. In contrast, most of natural vegetated surfaces (e.g., farmland and forest field) are significantly influenced by temporal de-correlation and lose coherence within a few days as result of growth, movement of scatterers, and changing moisture conditions (Ferretti et al., 2001; Grey et al., 2003) . Hence, long-term coherence computed from images acquired 35 days apart (or multiples thereof), has the potential to effectively discriminate urban and non-urban areas. As confirmed by the preliminary experimental analysis shown in Figure 1 , separation of the urban class from other non-urban classes is rather good in the feature spaces between long-term coherence and backscattering intensity. In the study of detecting the new urban areas, it is worth noting that a sequence of such long-term coherence images could be used to detect urban changes according to the ability of long-term coherence to allow one to retrieve the basic information on the extent of urban areas.
Based on the above analysis, temporal backscattering variation and long-term coherence variation are considered as the difference features for detecting urban changes. The detailed procedures are described in the following subsections.
Backscattering Intensity Variation Feature (BSIV) Bruzzone et al. (2004) discussed six different estimators of temporal intensity variation from multi-temporal SAR images. In this paper, the "maximum-minimum ratio in dB" is selected from the six evaluated estimators, because it is relatively simple to compute and comprehend. It is defined in Equation 1 applied to N pre-processed backscattering intensity images:
( 1) where s max and s min indicates the maximum and minimum value of each pixel in the N intensity images, respectively. The choice of this estimator consists in selecting the strongest temporal contrast between the different dates.
As an alternative to the temporal variation defined in Equation 1, a new temporal variation estimator considering the context information around each pixel can be utilized as follows: (2) where m s is the estimate of the mean backscattering intensity with a local widow in the N intensity images. The value of r and BSIV reveal changed areas by measuring the strongest radiometric contrast in a time series, but the later could generally be more robust in mitigating the effect of the multiplicative speckle noise. 
Long-term Coherence Variation Feature (LTCV).
The degree of coherence between a pair of SAR images not only determines the quality of topography or deformation information derived by the SAR interferometry technique, but also contains valuable information for land-use and landcover classification (Touzi et al., 1999) . In practice, the coherence can be estimated within a local window of L pixels using Equation 3. Here z 1 and z 2 denote the first and second complex SAR images, respectively, and i is the pixel sample number (Liao and Lin, 2003) :
In particular, the long-term coherence was considered to discriminate urban areas from other classes in this study. Being different from the Tandem coherence derived from ERS-1/2 images, the long-term coherence was calculated from images with 35 days apart (or multiples thereof). For computing long-term coherence image in this paper, it is recommended to use INSAR pairs with relatively short, perpendicular baseline components (typically less than 300 m) (Bruzzone et al., 2004) . This is due to the fact that pairs of images with longer baselines tend to have low coherence also over urban areas. Since an in-depth analysis of the decorrelation due to spatial baseline is out of the scope of the present work, we refer the reader to the literature for further details on this aspect (Grey et al., 2003) .
A pixel-by-pixel subtraction was adopted to estimate the long-term coherence variation from a pair of long-term coherence images. So the LTCV can be defined in Equation 4: (4) where and presents the coherence of the INSAR pairs acquired in period t 1 and period t 2 , respectively.
2D Thresholding Technique Based on Renyi's Entropy
Determining the optimal threshold for an automatic approach is a key point in unsupervised change detection (Lu et al., 2004) . In the second step of the proposed approach, an optimal thresholding technique was presented based on maximum 2D Renyi's entropy criterion (Sahoo and Arora, 2004) . The 2D thresholding technique was used to combine two difference feature images obtained, as previously explained, for producing change-map with two classes namely, "changed" and "unchanged."
respectively, denote the two difference feature images of intensity and coherence. It is assumed that they were scaled and have the same gray level G ϭ {0,1,2. . .,255}. A 2D histogram was constructed from I d and C d , which is an array (255 ϫ 255) with the entries representing the total number of occurrences, n(i,j) of the pair (i(m,n);c(m,n)). Subsequently, the joint probability mass function of the 2D histogram is defined in Equation 5: (5) where i, j ⑀ G.
In terms of Equation 5, the frequency of occurrence for each pair of gray values is calculated from two difference feature images. In this study, the resulting 2D histogram has
three peaks and two valleys ideally, and each of three peaks represents a clustering center corresponding to sigmareduced class, unchanged class and sigma-enhanced class. This is due to the fact that the joint probability is higher in the 2D histogram if the information revealed in considered features is more correlated. For instance, new urban areas are characterized with high pixel value both in difference feature images, so it means that the joint probability of pixels belong to new urban areas could be high in large gray levels. As illustrated in Figure 2 , a 2D histogram is computed from difference feature images (to be described in a following section), and two peaks (likely to belong to unchanged class and sigma-enhanced class) occur in it, respectively, but the peak of sigma-reduced class is not obvious.
In this study, since we focus only on detecting new urban area, we consider it as two-class classification problem aimed at discriminating sigma-enhanced pixel (hereafter referred to as "changed class" or "object class" in this paper) from unchanged and sigma-enhanced pixel (hereafter referred to as "unchanged class" or "background class") under assuming that new urban areas belong to the sigmaenhanced class. The two classes can be classified by determining an optimal threshold vector (t,s) on a 2D histogram that maximizes the sum of two class entropies. In particular, a criterion of maximum 2D Renyi's entropy is selected to obtain the threshold vector. Sahoo et al. (2004) presented the thresholding theory based on 2D Renyi's entropy. The 2D Renyi's entropy associated with changed class and unchanged class are defined by: (6) and (7) where a denotes the order of Renyi's entropy, P 2 (t,s) denotes the posteriori class probability of unchanged class, and t and s Figure 2 . A 2D histogram computed from two SAR difference images corresponding to BSIV and LTCV features, respectively. represent the threshold of the gray level of the pixel in I d and C d , respectively. Then, the optimal threshold pair (t*(a), s*(a)) can be obtained by:
The optimal estimation of the parameter set, a, t, and s, is an optimization problem. For example, the parameter a is a constant in Equation 8. Initial value may be assigned a value between 1.1 and 1.5 (Sahoo and Arora, 2004) . Then, the genetic algorithm is applied to search for the optimal solution. Once the threshold vector (t,s) is determined, the changed results can be generated by:
Study Area and Data Set Description of Study Area
The Pudong New Area (hereafter referred to as Pudong) in Shanghai, the largest city in China, was chosen as the study area (Figure 3 ) because there was considerable urban development within this region over the past decade. It covers about 522 km 2 and is located between latitude 31°08Ј to 31°23Ј N and longitude 121°29Ј to 121°35Ј E. And considering that independent ground truth is available, a region of interest (ROI) that includes three Function Zones of Pudong (as shown in Figure 4 ) was selected for validation purpose.
As one of the most important National Development Region in China, Pudong New Area has undergone the rapid urbanization process since the Chinese government declared the development and opening up of Pudong in Shanghai in 1990. The urbanization process has resulted in an extent of urban area from 44 km 2 in 1990 to 100 km 2 in 2002. These new urban areas (e.g., from rural to urban) accompanied by the shifts in land use (e.g., from less extensive to extensive)
locate mostly in the eight function zones designed by the government according to their functions and strategic goals. Figure 4 illustrates the planning diagram in 1991 of the function zones that have been successively built during the end of last century.
Data Set and Preprocessing
A set of six ERS-1/2 SLC SAR images from a descending pass track and frame (3 and 2979, respectively), acquired between April 1993 and June 1999, was used for the investigation. Prior to change detection, preprocessing steps of multitemporal SAR data are often necessary to establish a more direct link between data and physical phenomena. In this study, we applied some standard preprocessing steps to all available images including radiometric calibration, subsetting, co-registration to a common geometry in SAR coordinate, and a temporal speckle filtering described by Quegan et al. (2001) . The resulting SAR images were geocoded into the Shanghai Local Coordinate System on 24 ϫ 24 m grid with the use of a 90 m posting STRM DEM provided by the USGS (http://glcf.umiacs.umd.edu/data/). In general, interpretation and validation of changedetection results derived from remote sensing data are a very difficult task since an appropriate multi-temporal ground truth is sparse, particularly in such regions undergoing rapid urbanization such as Shanghai City. For this study, bi-temporal digital land-use inventory data of about a 90 km 2 area of ROI, derived from ortho-rectified color infrared aerial photos with 2 m resolution acquired respectively in 1994 and 1999 were used for comparison and validation purpose. The building layer of the land-use data was used to determine building arrangement in the two time periods. In order to facilitate a direct comparison with SAR data, the layer was rasterized and re-sampled to 24 ϫ 24 m squares that is the same as the geocoded SAR images. The raster data from 1999 were subtracted from the raster data in 1994 and any new buildings that had been built during this period are considered as change. Additionally, about 8.17 km 2 of building development (about 9.62 percent of the changed pixels) occurred within the region of interest. It is worth noting that these changed pixels are used as the reference data for assessment of change-detection results. Besides bi-temporal land-use data in 1994 and 1999 of ROI, two optical TM/ETMϩ images acquired respectively in 1990 and 2000 that cover the whole of Shanghai City are selected for visual interpretation.
Experiment Results

Estimated Results of BSIV and LTCV Features
The two difference features, used for detecting urban developments, were estimated from the multi-temporal SAR images in Table 1 according to the backscattering intensity variation (BSIV) and the long-term coherence variation (LTCV) previously defined. The result of BSIV feature estimated with 5 ϫ 5 spatial neighborhoods on the set of six SAR intensity images is illustrated in Figure 5a . Figure 5b shows the result of LTCV feature that was derived by differencing coherence 
In these two difference images shown in Figure 5 , bright pixels reveal possible land-cover changes during this period; these two difference features are both sensitive to urban development in terms of interpretation with the use of ground truth. However, the BSIV feature is sensitive to simultaneous temporal changes within some non-urban areas, for instance, moisture changes and vegetation growth in coastal area (see right-lower corner in Figure 5a ). As expected, as shown in Figure 5b , the LTCV feature is very sensitive not only to new urban areas but also to increasing of urban density due to high coherence of new buildings. The joint use of these two kinds of difference features could help to provide more accurate and robust detection results of new urban areas than those only considering any single difference feature.
Change Detection Results
The unsupervised 2D thresholding technique based on 2D Renyi's entropy (previously described) was carried out on these two resulting difference images based on BSIV and LTCV to obtain change-detection results. Figure 6 illustrates all new urban areas in the whole of Pudong study area between 1993 and 1999 produced by selecting an optimal threshold vector (208, 191) Figure 6 ) is highly consistent with the planning diagram illustrated in Figure 4 and locates most of the eight Functional zones that had undergone a rapid urbanization process in Pudong during this period.
A quantitative performance assessment was achieved by means of confusion matrix (Table 2 ) computed according to the ground truth derived from bi-temporal digital land-use data in the region of interest. The global indictors (90.85 percent for over accuracy and 0.7883 for Kappa coefficient) of accuracy assessment in Table 2 show the efficiency of the joint use of considered BSIV and LTCV features in detecting new urban areas. For comparison purposes, we also computed the confusion matrix (Table 3 ) of the change-detection Figure 6 . Change map of the whole of Pudong study area between 1993 and 1999 produced by selecting an optimal threshold vector (208, 191) applied to the two resulting difference images base on BSIV and LTCV. Table 2 and Table 3 , it can be seen that the outcomes are not satisfactory when only using single BSIV feature, especially for Kappa coefficient (only 0.3251), whereas the joint use of BSIV and LTCV features resulted in the significant improvement of Kappa coefficient of accuracy that increased by double. In greater detail, we can observe that the assessment results presented in Table 2 and Table 3 are comparable only in the producer's accuracy of changed class and user's accuracy of unchanged class, while the accuracies exhibited with the joint use of two features are significantly higher in all other cases. This mainly depends on the two facts: (a) the BSIV feature is simultaneously sensitive to urban developments and temporal changes in vegetated filed and can cause high false alarms rate up to 36.27 percent, and (b) the significant capability of LTCV feature to be sensitive not only to new urban areas but also to increasing of urban density can considerably reduce the false alarms rate (i.e., only 4.12 percent) when it was combined with the BSIV feature. This behavior is also evident on comparing the change-detection maps obtained by the two sets of difference features considered (Plate 2). Similar spatial pattern of urban development can be seen in Plate 2a and Plate 2b. But it should be noted that some temporal changes in the vegetated fields were detected in Plate 2b, for instance, in Century Park (marked with label A), Tomson Golf Course (marked with label B), and farm land (marked with label C). As shown in Plate 2a, however, these temporal changes due to vegetation growth and farming activities do not occur in the results yielded when using BISV and LTCV features.
Conclusions and Perspectives
Multi-temporal satellite synthetic aperture radar (SAR) images are a useful information source in monitoring environmental changes on the earth's surface. In this paper, a novel change-detection approach specifically oriented to the detection of urban development with multi-temporal SAR images has been presented. This approach is based on an analysis of the INSAR signal behavior in the presence of different urban land-cover classes. The main novelties of the proposed approach consist in the following: (a) the joint use of coherence and intensity characteristics of SAR imagery for improving the detection performance of new urban areas, (b) the extraction of SAR difference feature based on the concepts of long-term coherence and backscattering temporal variability from multi-temporal SAR images, and (c) the application of 2D threshold technique based on the maximum 2D Renyi's entropy criterion, with which the optimal threshold vector is determined in completely automatic way for obtaining the change-detection results.
The approach has been tested on a set of six ERS-1/2 SLC SAR images acquired on the area of Shanghai, China. And the experimental results confirm the effectiveness of the proposed approach. It is worth noting that these difference features used in the proposed approach, including the backscattering intensity variation feature (BISV) and long-term coherence variation feature (LTCV), can be derived from the same multitemporal images acquired from the currently operating and next-generational spaceborne SAR sensors. This is an important issue considering the operational applicability of the method and related data and processing costs. In general, the large urban developments can be accurately identified, while many of the smaller developments are not detected. It is mainly due to these facts that the BISV and LTCV features are estimated involving statistical sampling with a local widow. Thus, the approach in this paper is less appropriate for the detection of change at the level of individual buildings and regional scale mapping may be a more suitable application of these difference features. In addition, the 2D thresholding technique is essentially a hierarchical thresholding classifier, which applies first a threshold condition (i.e., BISV larger than 208), and then another condition (i.e., LTCV larger than 191) for the remaining pixels. This implies that the intersection according simultaneously with these two thresholding conditions can be obtained. However, this classification strategy of the 2D thresholding does not allow one to exploit fully the complementary information presented in these features considered, i.e., BISV and LTCV features. More sophisticated fusion methods will be studied as a future development of this work.
